Introduction: The way physical activity (PA) and sedentary behavior (SB) are accumulated throughout the day (i.e., patterns) may be important for health, but identifying measurable and meaningful metrics of behavioral patterns is challenging. This study evaluated accelerometer-derived metrics to determine whether they predicted PA and SB patterns and were reliably measured. Methods: We defined and measured 55 metrics that describe daily PA and SB using data collected by using the activPAL monitor in four studies. The first two studies were randomized crossover designs that included recreationally active participants. Study 1 experimentally manipulated time spent in moderate-to-vigorousintensity PA and sedentary time, and study 2 held time in exercise constant and manipulated SB. Study 3 included inactive participants who increased exercise, decreased sedentary time, or both. The study conditions induced distinct behavioral patterns; thus, we tested whether the new metrics could improve the prediction of an individual_s study condition after adjusting for the overall volume of PA or SB using conditional logistic regression. In study 4, we measured the 3-month reliability for the pattern metrics by calculating intraclass correlation coefficients in a community-dwelling sample who wore the activPAL monitor twice for 7 d. Results: In each of the experimental studies, we identified new metrics that could improve the accuracy for predicting condition beyond SB and moderate-to-vigorousintensity PA volume. In study 1, 23 metrics were predictive of a highly active condition, and in study 2, 24 metrics were predictive of a highly sedentary condition. In study 4, the median intraclass correlation coefficients (25-75th percentiles) of the metrics were 0.59 (0.46-0.65). Conclusions: Several new metrics were predictive of patterns of SB, exercise, and nonexercise behavior and are moderately reliable for a 3-month period. Applying these metrics to determine whether daily behavioral patterns are associated with health-outcomes is an important area of future research.
P eople who are more physically active have improved longevity and lower risk of chronic diseases (11) . To date, the majority of research has focused on associations between the amount of time (i.e., volume) spent in sedentary (21, 32) , light-intensity (21) , and moderate-to-vigorous-intensity physical activity (MVPA) (1) and health. However, recent evidence from controlled experimental trials suggests that the pattern by which activity is accumulated may also be related to health, even when accounting for the total volume of activity (4, 13, 38) . The historical emphasis on sedentary and physical activity volume was pragmatic because the primary method of assessment was self-report questionnaires, from which accurately assessing the frequency and duration of active or sedentary bouts is probably impossible (26) .
In contrast to questionnaires, wearable sensors (e.g., accelerometers) can collect and store dense data (i.e., 100 samples per second) for a period of many days or weeks, allowing a detailed examination of the duration and frequency of different postures and/or intensities of activity within a day. Given the dense and multidimensional data within a day of accelerometer data, there is a large and possibly infinite number of metrics that could be extracted from accelerometer data to describe the interrelated components (e.g., frequency, duration, and intensity) of physical behavior (8) . Together, these components characterize the total volume of daily activity and inactivity (8, 43) , and throughout this manuscript, we will use the term daily behavioral patterns to refer to these components. Descriptive studies have used metrics that may reflect daily behavioral patterns, including time spent active or sedentary within various bout lengths (e.g., 1,5,10, and 20 min) (3, 12, 20, 41) . Other studies have identified associations between several accelerometer-derived metrics (e.g., number of breaks, Gini index, and bouts of sedentary time 920 min) in relation to obesity and metabolic health (5, 18, 19, 44) , and differences in sedentary behavioral patterns have been noted in cross-sectional analysis comparing healthy and diseased populations (6, 36) . Understanding whether there are links between daily behavioral patterns and health could lead to innovative opportunities for intervention and improve public health. An important step is to determine whether there are measurable accelerometerbased metrics that describe daily behavioral patterns that can be used in etiologic studies. To date, few studies have systematically evaluated whether accelerometer-based metrics provide an added benefit for characterizing daily behavioral patterns beyond standard volume metrics, or whether the metrics can be reliably measured.
The purpose of this paper is to first develop a broad list of metrics of activity and sedentary behavior using activPAL TM (AP) accelerometer data and then to test these metrics in two ways. First, we examined if the new metrics improve a model_s ability to predict behavioral patterns beyond what is possible using total volume alone. To do this, we used three experimental studies that manipulated sedentary behavior, exercise, and nonexercise activities in physically active and sedentary adults. Second, we examined the within-person variation for a 3-month period in a community-based sample using intraclass correlation coefficient (ICC). Results from this study will inform the design and interpretation of future studies that explore etiologic associations between daily behavioral patterns and risk of disease.
METHODS
We first developed a list of physical activity and sedentary time metrics from an AP accelerometer, based on previously published literature (3, 6, 12, 20, 41) . We also developed several novel approaches to AP data extraction through discussions among coauthors and considering relevant literature. We used data from three experimental trials conducted in Amherst, MA, to test whether the metrics could discriminate between behavioral patterns beyond standard volume measures. In a community-based observational study from Amherst, MA, and Nashville, TN, we examined how stable the metrics are within a person by comparing two measurement periods that were 3 months apart. The AP measurement protocol for physical activity and sedentary time (described in the next section) was similar across studies. All participants completed informed consent documents that were approved by the Institutional Review Boards at the University of Massachusetts, Amherst, and Vanderbilt University.
Measurement of Sedentary Time and Physical Activity
The AP is a small device worn on the thigh that uses information about static and dynamic acceleration to distinguish sitting/lying, standing, and stepping. It has been validated for assessing sitting, breaks from sitting, and steps in both laboratory and free-living environments (23, 30) . The AP software produces an event file that includes time-stamped rows (events) that are classified as sitting or lying, standing, or stepping. For each event, there is also an estimated MET value. We defined sedentary as time spent sitting or lying while awake and active time as time spent standing or stepping. Study participants reported time in/out of bed on a monitor log, and this was used in combination with a modified version of the Choi algorithm (9) to define monitor ''wear time,'' which excluded time in bed/sleeping (24, 28) .
Metric development. We considered seven previously defined and commonly used metrics that are related to volume (e.g., total sedentary time, total MVPA time, steps per day, and MET-hours). We next defined a set of 48 metrics; of these, 20 metrics were related to sedentary behavior (e.g., breaks from sitting, proportion of sedentary bouts greater than 20 min). We also extracted 16 metrics related to nonexercise activities, including standing and light-intensity (G3 METs) activity and 12 that are related to MVPA. For MVPA, we further distinguished between MVPA guidelines, defined as activity Q3 METs for at least 10 consecutive minutes, allowing for 2 min below the 3-MET threshold, and sporadic MVPA defined as any 15-s interval that was higher than 3 METs. All metrics were computed for each participant on each day of wear and are described in detail as Supplemental Digital Content (see Table, Supplemental Digital Content 1, Description of physical activity and sedentary metrics, http://links.lww.com/MSS/A738). Broadly, the sedentary and activity metrics were categorized as follows:
1. Duration and number of bouts: these are based on the summation of time spent in bouts of activity/sedentary behavior above a certain threshold (e.g., total sitting time in bouts longer than 20 min). 2. Event distribution: For each participant on each day, the durations of the sedentary event at the 5th, 25th, 50th, 75th, and 95th percentiles were extracted and then repeated for active events. We also computed an alpha-statistic for overall sedentary and active time defined as (1 + 1/M), where M is the mean of log (sedentary or active) bout length/minimum sedentary and active bout length. This is an equivalent rearrangement of the equation from Chastin and Granat (7). We also computed the Gini index for active and sedentary events (7). 3. Proportions: these metrics assess the proportion of overall sedentary or active time that is spent in a particular bout length (e.g., proportion of total sedentary time that is in bouts of at least 20 min). We also computed the ratio between standing and stepping time.
An R package (PAactivPAL) is available for researchers to generate these metrics (46) .
Experimental studies. To ensure that a range of behavioral patterns were evaluated, we used three experimental studies that manipulated different aspects of exercise, nonexercise, and sedentary time in both active and inactive individuals. The first two studies were randomized crossover designs where recreationally active participants completed three experimental conditions. Study 1 was designed to be consistent with activity levels defined in the 2008 physical activity guidelines and manipulated time spent in exercise and nonexercise activities. Study 2 held time in exercise constant and manipulated sedentary time. The study 3 included overweight, inactive participants who increased exercise, decreased sedentary time, or both. The basic study designs and descriptive characteristics for studies 1-3 are shown in Table 1 .
Study 1: The study population included healthy, recreationally active individuals (mean T SD, age = 25.2 T 5.7 yr, BMI = 24.9 T 4.3 kgIm j2 ) (28) (29) (30) . The three conditions, completed in a random order, were as follows: 1) sedentary noEX + highSED-no structured exercise, remain sedentary throughout the day, and achieve G5000 steps per day; 2) moderately active (modEX)-complete 150 minIwk j1 of moderateintensity physical activity (and/or 75 minIwk j1 of vigorous activity), step-goal of 10,000 per day, and no recommendations regarding sedentary behavior; and 3) very-active (highEX + lowSED)-complete double current recommended physical activity guidelines (i.e., 300 minIwk j1 of moderate and/or 150 minIwk j1 vigorous activity) and decrease sedentary time with a step goal of 15,000 per day (28) .
Study 2 was a randomized crossover design with three conditions that increased or decreased sedentary time among regular exercisers (mean T SD, age = 25.5 T 4.8 yr, BMI = 24.8 T 5.1 kgIm j2 ). In all three conditions, participants were instructed to do an identical amount of structured exercise (~30 minId j1 ). For example, if on day 2 of the baseline week they ran 30 min, they were asked to run 30 min on day 2 of each of the next conditions. Sedentary and active time were experimentally manipulated in the conditions as follows: 1) baseline (EX + base)-participants could exercise and sit as they typically would with no recommendations for physical activity or sedentary time; 2) high-sedentary (EX + highSED)-participants were instructed to sit as much of the day as possible when not exercising; or 3) low-sedentary (EX + lowSED)-participants were instructed to stand as much of the day as possible when not exercising. The order of conditions two and three was randomized.
Study 3 was a four-arm randomized trial that was conducted among overweight individuals with sedentary occupations who did not exercise (mean T SD, age = 43. ). Participants were randomized to one of four groups: 1) control-maintain behavior (sedentary work, no exercise); 2) exercise (EX)-structured moderate-intensity exercise 5 dIwk j1 for 40 min per session; 3) reduce sedentary time (rSED)-increase steps by~10% per week, break-up sedentary time, and reduce sitting without structured exercise; and 4) EX-rSED-exercise 5 dIwk j1 for 40 min and reduce sitting time. Additional details have been previously published (24, 25) . For the present analyses, we defined the intervention period as weeks 6, 9, and 12 and took the mean value for each metric for that period.
Study 4: To assess whether each metric captures a reproducible quantity that differs among individuals, we used data from an observational study that assessed physical activity in 400 community-dwelling individuals at two time periods that were 3 months apart. Participants were between 12 and 75 yr, fluent in English, and free of debilitating chronic diseases (e.g., heart failure, severe claudication, and terminal cancer), major cognitive or psychiatric disorders (e.g., dementia and schizophrenia), and major orthopedic problems. The study population was enrolled as a convenience sample. Informed , and highEX + lowSED = exercise 300 minIwk j1 and reduce sitting time. Study 2: All three conditions completed same structured exercise. EX + base = no instruction for nonexercise activity or sedentary time, EX + lowSED = either stand as much as possible, and EX + highSED = sit as much as possible. Study 3: EX = exercise 5 dIwk j1 consent and/or assent documents were signed by 422 participants (and parents of adolescents) (see ). During each visit, participants completed basic demographic information and were instructed to maintain their habitual behavior.
Statistical Evaluation
We first examined Pearson correlations for active and sedentary metrics to describe the relationships between the metrics using baseline data in studies 1-3. Next, we used conditional logistic regression to test whether the metrics were significantly associated with study condition, after adjusting for the main volume measures, total sedentary, or MVPA time (minId j1 ). This analysis assumes the experimental manipulations also changed the underlying daily behavioral patterns (i.e., frequency Â duration of behavior) as well as the total volume of sedentary time and MVPA (8).
We were therefore testing a broad range of sedentary and physical activity pattern metrics for their ability to detect patterns of behavior associated with increasing or decreasing exercise, nonexercise activities, and/or sedentary time after accounting for total volume.
For study 1, we defined our outcome variable, Y, equal to 0 if a participant was in the Sedentary (noEX + highSED) group and Y equal 1 if a participant was in the modEx condition. Then for each metric, we regressed Y on that metric, adjusting for main volume metric (i.e., sedentary or MVPA min). Because we had daily measures for each individual, we performed conditional logistic regression, stratified by participant. We report P values from the Wald statistic for the metric of interest. The analysis was then repeated, where Y = 0 when in the inactive (noEX + highSED) condition (same as first analysis) and then Y = 1 when in the most active (highEX + lowSED) condition. The details of the regression for studies 2 and 3 are identical with those from study 1. In study 2, the baseline condition was EX + base (Y = 0), which we compared with the two experimental conditions (i.e., EX + highSED and EX + lowSED) in separate models. For study 3, the baseline week was the referent group (Y = 0), which was compared with the intervention period (weeks 6, 9, and 12) for each group.
We then evaluated the reliability of each of the sedentary and physical activity pattern metrics for a 3-month period. For each metric, we calculated the daily mean from each 7-d measurement periods that were 3 months apart. We used linear mixed models to calculate the ICC coefficients, which estimate the proportion of the total variance (between + within participants) that is attributable to the between-participant variance. Higher ICC values indicate that there is less withinperson variance or less random measurement error (15) . For all statistical analyses, R-program was used, and P values were set at P G 0.05. Table 1 shows the mean daily steps per day, the sedentary time, and the minutes of MVPA for studies 1-3. In both of the randomized crossover trials (studies 1 and 2), the participants were compliant to the condition requirements. For example, in study 1, the measured steps were within 500 steps of the goal for each condition (i.e., 5000 for noEX + highSED, 10,000 for modEX, and 15,000 for highEX + lowSED). Per study design, exercise increased in the two experimental conditions, and sedentary time decreased (Table 1) . In study 2, per protocol MVPA guidelines were not significantly different across conditions EX + base (29.8 min), EX + highSED (23.9 min), or EX + lowSED (33.9 min) (P 9 0.05). By contrast, the percentage of time sedentary at baseline (59.7%) was significantly increased in the EX + highSED condition (72.3%) and reduced in the EX + lowSED condition (23.8%), all P G 0.01.
RESULTS
For study 3, at week 12, all intervention groups had significantly higher minutes of MVPA and steps per day compared with baseline, but there were no significant changes in sedentary time. Figure 1 shows the Pearson correlation coefficients for the active and sedentary metrics, respectively, and indicates the metrics are multidimensional. For active metrics, the correlation coefficients between MVPA minutes and 54 other metrics ranged from R = j0.06 (highest MET value) to R = 0.98 for total steps. Alpha (R = j0.45) and standing to stepping ratio (R = j0.34) were negatively correlated with total MVPA time, and the others were positively correlated, with a median correlation of 0.43. For sedentary time, the weakest correlation was the Gini index (R = j0.04) and the strongest was sedentary time in bouts greater than or equal to 20 min (R = 0.82). Break rate, alpha, and sedentary breaks were negatively correlated with overall sedentary time, whereas the rest were positive. The median correlation for sedentary time was R = 0.45.
Prediction of behavioral patterns. The mean value for each metric is shown in Table 2 (Sedentary metrics) and Table 3 (Activity metrics). The values in bold in the tables indicate which of the metrics from the conditional logistic were crossover designs where the same participant completed each of the three conditions. Study 3 was a 12-wk randomized trial, and values presented are for intervention period (weeks 6, 9, and 12). A definition of each metric is found in Supplemental Table 1 , http://links.lww.com/MSS/A738. †Significant difference in total MVPA between study conditions (P G 0.05). *The metric distinguishes between the conditions after adjustment for minutes of MVPA in a conditional logistic regression model (P G 0.05). Study 1 noEX + highSED was the comparison group and in study 2 the comparison group was EX + base. In study 3, the average of weeks 6, 9, and 12 within each intervention groups was compared with baseline. A definition of each metric is found in Supplemental regression predicted study condition (i.e., behavioral pattern) beyond the main volume measures (i.e., sedentary and MVPA time). The specific betas and SE from conditional logistic regression models are available as supplemental tables (see Table, Supplemental Digital Content 3, Results from conditional logistic regression for Studies 1-3, http://links.lww.com/MSS/A740).
For study 1, 12 active metrics, primarily related to MVPA guideline (e.g., length of MVPA guideline, the 95th percentile of activity), were significant predictors of the ModEX condition and just five sedentary metrics (P G 0.05) ( Tables 2 and 3) . Compared with noEX + highSED, there were 14 of the active metrics that predicted the HiEX + lowSED condition, mainly those reflecting higher levels of structured MVPA (e.g., number and length of bouts, active time 930 min). There were also nine sedentary metrics that were significant predictors of condition (e.g., sedentary event length, sedentary time 920, 60, 120 min, 95th percentile, and Gini index). Overall, the majority of the significant predictors in study 1 were MVPA guideline metrics that reflect a more active behavioral pattern of a person who is meeting recommended levels of MVPA.
In study 2, participants were instructed to maintain exercise behavior across the three conditions and alter their sedentary time (and consequently nonexercise activity). Consistent with this experimental design, the activity metrics related to structured exercise (e.g., number and length of MVPA guideline minutes) were not significantly different between conditions (Tables 2 and 3 ). By contrast, there were significant differences in the nonexercise activity and sedentary metrics. Compared with EX + base, the EX + lowSED had higher percentiles of activity (5th through 95th); both minutes and proportion of active time 95, 10, and 30 min were significantly higher; and the ratio of standing to stepping was lower. The duration and time in long sedentary bouts also significantly differentiated between conditions. Per protocol, the pattern for the EX + highSED was almost completely opposite the EX + lowSED. Compared with EX + base, the EX + highSED group had much lower active time 95, 10, and 30 min and lower proportion of active time above those thresholds. The percentiles (5th through 95th) were also significantly different, and the ratio of standing to stepping was higher. Interestingly, the number of sit-to-stand transitions (''breaks'') was higher in the highSED condition compared with EX + base, but the mean sedentary event length and time in bouts 9120 min were all higher (Tables 2 and 3) . Compared with baseline, the strongest differences in both highly sedentary and high standing conditions were largely driven by increased or decreased nonexercise activity long sedentary bouts (2 h) and the mean sedentary even length.
In study 3, the observed difference in EX + rSED group during the intervention were largely driven by differences in structured exercise (e.g., MVPA bout length, 75th percentile, active time 920 min). The group also changed the pattern of nonexercise activity (e.g., active time 95 and 10 min) and sedentary time (e.g., duration and proportion of sedentary time 920 min). The EX group had expected changes in structured MVPA (e.g., MVPA bout length). There were no changes in total sedentary time for the EX group, but these participants spent more time in 120 min sedentary bouts and a longer mean length of sedentary events during the intervention. The stepping time, the number of sporadic MVPA events, the active time 95 min, and the duration and proportion of sedentary bouts 920 and 60 min were significant predictors of intervention status in the rSED group (Tables 2 and 3 ). In summary, the two groups (12) of the intervention. *Metric distinguishes between the conditions after adjustment for minutes of sedentary time in a conditional logistic regression model. In study 1, the exponential groups were compared with NoEX + highSED; in study 2, the comparison group was EX + base; and in study 3, the average of weeks 6, 9, and 12 within each intervention groups was compared with baseline. A definition of each metric is found in Supplemental Table 1 , http://links.lww.com/MSS/A738, and the betas and SE for each metric are shown in Supplemental Table 3 (http://links.lww.com/MSS/A740). a Defined in Chastin and Granat (7).
who received the sedentary intervention decreased longer bouts of sedentary time, whereas the EX group had increases in longer bouts of sedentary time. In addition to total MVPA time, additional metrics reflecting bouts of MVPA were significant predictors in both exercising groups.
Reliability of physical activity and sedentary metrics. The mean, SD, and ICC values for each of the active and sedentary metrics are shown in Tables 4 and 5 
DISCUSSION
This study derived and evaluated a panel of 55 metrics of active and sedentary behavior from an AP accelerometer. An important strength was the use of experimental studies that both increased and decreased sedentary and activity behavior, and thus the metrics were evaluated relative to known and relevant behavioral patterns. We also examined reproducibility for a 3-month period and showed a median ICC of 0.6, suggesting at least moderate stability within a person. This comprehensive evaluation of the accelerometer-derived metrics provides a foundation for future epidemiologic studies examining daily behavioral patterns in relation to disease risk factors and end points.
The broad adoption of wearable sensors enables researchers to examine much more detail about daily behavior as compared with standard volume-based metrics that are captured by self-reported questionnaires (e.g., minutes per week of MVPA). In this analysis, we showed the accelerometer metrics captured unique aspects of behavior. In study 1, the metrics related to number, frequency, and intensity of MVPA guideline were significant predictors of the experimental conditions, which were designed to mimic the 2008 physical activity guidelines. By contrast, in study 2 where time in exercise was held constant and sedentary time was manipulated, the metrics related to MVPA guideline were not significant, whereas more metrics related to sporadic activity (e.g., percentiles of active time) and sedentary time were significant predictors of the conditions. Study 3 was a longer-term freeliving intervention, and we identified numerous metrics related to structured exercise that were predictive of intervention status in both of the exercising groups and several metrics for spontaneous activity and sedentary time that were predictive among the sedentary intervention groups (Tables 2  and 3 ). As an example to highlight the translational potential of these metrics, the exercise-only group increased the length of their sedentary events and had more long bouts of sitting. If this finding is replicated, it could be an example of a discrete intervention target for individuals starting an exercise program to ensure they do not compensate for exercise by increasing prolonged sedentary periods. Some of the metrics we examined have been used in previous studies. Healy et al. (19) showed associations between bouts of accelerometer-measured sedentary time 930 min and obesity, and Carson et al. (5) showed bouts of 20 min of sedentary time associated with cardiometabolic biomarkers. Research has also begun to differentiate the relative benefits of sporadic MVPA and MVPA guideline in relation to cardiovascular health and metabolic syndrome (10) . The present findings provide reassurance that the metrics used in these studies are reproducible and predictive of behavioral patterns. One interesting exception was ''breaks'' from sedentary time, which we defined as a sit-stand transition from the AP. Previous studies have shown better health outcomes are associated with more ''breaks'' estimated using an ActiGraph accelerometer count threshold (17, 18, 40) . However, we found that breaks were predictive of a more sedentary behavioral pattern, even when adjusting for differences in total sedentary time. These findings suggest that the ActiGraph ''breaks'' are likely capturing sporadic movements rather than true transitions from sitting to standing (2, 30) (Table 3) . Future research should examine the metrics of sedentary time beyond simply the number of breaks, including long bouts or distributions of sporadic activity to understand how patterns of sedentary time accumulation relate to health.
In this analysis, we were interested in identifying metrics that provide additional information to help distinguish between conditions beyond what is possible with volume alone; thus, we elected to control for volume. All metrics are in some way conceptually related to total volume, which is made up of frequency and duration; thus, they are not truly independent (8) . It should be noted there are other applications of these metrics where it may not be appropriate or necessary to adjust for volume. To determine what metrics are most strongly related to health, there may not be an a priori reason to include volume as a covariate. In addition, an intervention study may be interested in assessing the proximal behavioral target (long bouts of sitting), even if it is highly correlated with total volume, because it was an explicit target of the intervention (8) .
Although there is expected day-to-day or year-to-year behavioral variation in activity, in epidemiologic studies, this variability is a source of random measurement error that will attenuate observed risk estimates (15, 35) . We evaluated the stability of our metrics for a 3-month period using ICC. For the majority, the ICC indicated moderate agreement (ICC = 0.4-0.75). The Gini index for both active (ICC = 0.29) and sedentary (ICC = 0.36) were relatively low. In general, more sedentary metrics had ICC values below the level of moderate agreement compared with active metrics. Interestingly, the 95th percentile for sedentary time, despite the low ICC, was the only percentile metric that was significantly different in studies 1 and 2. For metrics with low ICC values, null associations with health should be interpreted cautiously as the withinperson measurement error could attenuate the true associations and more days or measurement period may be needed.
Overall, this evaluation lends support to the utility of these accelerometer-derived metrics, and this area is ripe for future research. From a measurement perspective, the day-to-day variability in these metrics within a week or between weekend and weekdays is not well understood. Future research could explore data reduction techniques (e.g., principal component analyses) using the accelerometers as latent variables that represent daily patterns of active and sedentary behavior, similar to work that_s been done with socioeconomic deprivation indices (33) . Several investigations have identified clustering of activity patterns using latent class analyses based on volume measures (e.g., sedentary time) (5, 14, 34) . The pattern metrics evaluated in this study, and those proposed by others (e.g., [1, 8, 36] ), may add discriminative ability for future studies to identify behavioral clusters. In addition, these metrics could be integrated with ongoing efforts to understand the temporal patterns in activity throughout the day (31, 42, 45) and other accelerometer-derived metrics (8, 36) .
Strengths of this study include the use of three experimental studies that represent comprehensive behavioral patterns of activity and inactivity and different populations (young and normal weight, older, and overweight/obese). The studies that included a range of experimental manipulations of behavior patterns were designed to reflect public health recommendations, highly sedentary populations, and longer-term intervention on exercise and sedentary time (28, 39) . Study 4 included a wide range of age and activity levels to enhance the generalizability of the ICC analysis and to describe these metrics in a community-dwelling sample. We also used the AP monitor, which has been well validated in free-living settings estimating sedentary time (23, 30) . However, a limitation is that the AP device software underestimates energy expenditure (16), which we saw with a peak MET value of 4.5 across studies and no differences in this metric between studies. Although the underlying conceptual framework of the metrics is generalizable to other activity monitors, these results are most applicable to studies using the AP monitor because the accuracy and precision of wrist-and waist-worn accelerometers to distinguish sitting from standing is lower than the AP (22, 37) . We used linear mixed methods to calculate the ICC coefficients. Nonlinearity could be an issue that may lead to the loss of valuable information, and future research could consider functional data analyses to assess a flexible model pattern by including smooth curves measured at various time points (27) . We focused primarily on means and medians for this analysis. For some metrics, where 950% of bouts equal the minimal bout length, the median may not adequately distinguish subjects_ behavior. We conducted several statistical tests, and some significant findings may have occurred by chance. The fact that the significant metrics predicted differences in patterns that reflected the experimental design gives us confidence, but certainly these results should be replicated.
CONCLUSIONS
We found several accelerometer-derived metrics that were predictive of behavioral patterns and that were sufficiently reliable within a person for a 3-month period to be useful in future epidemiologic research. This study provided important information on previously published metrics and expanded this literature by evaluating novel metrics. The systematic evaluation included controlled experimental trials that manipulated behavioral patterns related to sedentary, nonexercise, and exercise behavior. These metrics may be used as indicators of behavioral patterns to examine associations with cardiometabolic biomarkers or disease incidence and may ultimately lead to new behavioral targets for future intervention.
